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In most aerosol models, simplifying assumptions must be made regarding aerosol size and
composition. PartMC-MOSAIC, being particle-resolved, does not require such assumptions.
Thereby, the model provides a useful tool to evaluate assumptions and limitations within
aerosol studies. This thesis, I show two applications that highlight the potential of this mod-
eling approach. The first application pertains to coarse aerosol particles (diameter > 1µm),
such as mineral dust or sea salt. Regional and global models frequently do not consider
the interactions of the coarse mode aerosol with smaller particles and its interactions with
the gas phase. This assumption might introduce errors in predictions of the size distribu-
tion, gas partitioning, and cloud condensation nuclei (CCN) concentrations. The objective
of my study is to assess the interactions between the coarse mode with other particle size
ranges and determine the conditions where it is acceptable to treat the coarse mode as non-
interactive. Using the coupled model, PartMC-WRF, we designed four scenarios based on
average global coarse mode concentrations and past studies of dust storms. In each scenario,
we compared the aerosol properties when the coarse mode is present and interactive ver-
sus absent. Though many coagulation events occur between coarse mode and combustion
particles, the black carbon mass fraction that is transferred to the coarse mode remained
negligible over the course of the 2-day simulation. Up to 4 % of all available NO3 partitioned
onto the coarse mode, and negligible error occurred in CCN concentrations when the coarse
mode is considered. The second application evaluates the error that is introduced in quan-
tifying observed aerosol mixing states due to a limited particle sample size. We used the
particle-resolved model PartMC-MOSAIC to generate a scenario library that encompasses a
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large number of reference particle populations with a wide range of mixing states, quantified
by the mixing state metric χ. We stochastically sub-sampled these particle populations us-
ing sample sizes of 10 to 10 000 particles and recalculated χ based on the sub-samples. The
finite sample size lead to a consistent overestimation of χ, with the 95 % confidence intervals
ranging from −70 to 40 percentage points for sample sizes of 10 particles, and decreasing to
±10 percentage points for sample sizes of 10 000 particles. These findings are experimentally
confirmed using SP-AMS measurement data from the Pittsburgh area.
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Aerosol particles and gases are fundamental components of our atmosphere. Although these
aerosol particles are tiny (ranging in size from nanometers to microns), they have a large
impact on macroscale properties related to Earth’s weather, and climate. Aerosols affect
the energy budget of the Earth by scattering and absorbing radiation (Ravishankara et al.,
2015), resulting in a net cooling effect of the atmosphere (Naik et al., 2013). Particles are
necessary for the formation of clouds, serving as cloud condensation nuclei or ice nuclei
(Andreae and Rosenfeld, 2008; DeMott et al., 2008; Ching et al., 2017). In addition to these
potential climate impacts, aerosols also affect human health. These tiny particles penetrate
deep within the cardiovascular system and lung (Ching and Kajino, 2018), increasing a
person’s risk of disease and death.
Under the current changing climate, it is vital that we understand the mechanisms by
which aerosols affect climate and human health. One approach to this issue is improved
representation of microscale aerosol properties within aerosol studies. Within the atmo-
sphere, aerosols interact freely with each other and other gaseous constituents. This results
in the formation of aerosols of complex shapes, sizes and species. The complexity of these
particles is difficult to capture within sampling and to represent in modeling studies. This
forces many scientists to make simplifying approximations when representing aerosols within
their studies. Until recently, an appropriate tool did not exist to evaluate the errors that
arise from these simplifications. The goal of this study is to establish a framework, using a
particle-resolved model, to quantify these errors.
The work described in this thesis contains answers to two different issues within aerosol
1
science. Both questions seek to quantify errors that arise due to limitations in the micro-
physical representation of aerosol particles. In addition, the approach to answering each
question is the same. A particle-resolved model is used to quantify the errors related to the
assumptions made. This work is motivated by two limitations in aerosol representation, and
is separated into two topics:
• Chapter 3: What errors in climate-related properties occur due to oversimplified
representation of the coarse mode aerosol parcitles in global/regional climate models?
• Chapter 4: To what extent do limited sized particle samples cause errors in mixing
state?





Before discussing the details behind the questions investigated in this study, important
definitions, properties, and modeling approaches related to aerosol will be established. The
relevance of aerosol, in relation to this study, will be discussed further.
2.1 Definitions
The term aerosol refers to a population of solid of liquid particles suspended within a gas. In
this thesis, the term particle, or particulate, will be used to refer to a single-particle within an
aerosol population. Aerosols are composed of different chemical species. A chemical species
is an ensemble of similar molecules. The extent of the similarities between these molecules
is often determined by the measurement technique or the computational power available in
aerosol model representation (Riemer et al., 2019). In this study, examples of species include
ammonium sulfate, sodium chloride, ions such as nitrate, or more complex mixtures such as
secondary organics (refers to hundreds of distinct organic species). The species composing a
single particle are constantly changing as an aerosol undergoes the aging processes discussed
in Section 2.3.
The concept of a lifetime refers to the following of a particle from the moment it is emitted
into the atmosphere, to the time it returns to the surface of the Earth. The residence time
is the average time a molecule will remain in the atmosphere before it is removed (Seinfeld
and Pandis, 2006, chapter 2, p. 22). Past research has determined the average residence
time for a representative molecule of different chemical species (He and Zhang, 2014; Kaiser,
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2016; Wang et al., 2009; Lee et al., 2015). The residence time is typically dependent on
particle size (Seinfeld and Pandis, 2006, chapter 2, p. 22), though meteorology does play a
role. Residence times typically range from hours, to months depending on particle size and
meteorological factors.
Since the beginning of aerosol studies, accurately identifying and representing the com-
position of aerosol has been a significant challenge to scientists. It remains an area of active
research amongst aerosol field scientists and modelers. The chemical composition of aerosol
play a major role in CCN activation and climactic effects. Several classifications based on
composition are widely accepted by scientists including natural vs. anthropogenic, oceanic
vs. continental, and primary (directly emitted into the atmosphere) vs. secondary origin
(formed from gaseous constituents within the atmosphere).
Throughout this thesis, the term aerosol mixing state is used to account for the dif-
ferences in chemical composition across an aerosol, as initially defined by Winkler (1973).
In other words, mixing state describes how the chemical species comprising an aerosol are
distributed throughout the population. Common terminology associated with mixing state
include ”internal” and ”external” mixing. Internal mixing is present when species are dis-
tributed equally amongst the particles within an population of aerosol, while external mixing
is present when each particle consists of a single species (Riemer et al., 2019). In reality,
most aerosols fall somewhere between completely internally and externally mixed. Correct
representation of mixing state within aerosol studies is crucial for accurate calculations of
climate-relevant properties.
2.2 Aerosol Properties
The defining properties of an aerosol particle are size, shape and composition. Here we will
describe the common classifications and categories assigned to aerosols keeping in mind that
particle properties tend to vary significantly, even within a single population (Li et al., 2011;
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Noble and Prather, 2000).
Four classifications exist for aerosols according to size: nucleation mode (diameters
< 10 nm), Aitken mode (10 nm − 100 nm), accumulation mode (0.1µm − 1µm), and coarse
mode (> 1µm). Classifications are based on the differences in dynamic processes that govern
each size range or mode; specifically, differences in sources and aerosol aging processes (refer
to Figure 2.1 and Section 2.3 for aging processes description). Fine mode particles encom-
pass the nucleation, Aitken and accumulation mode particles. These particles are generally
associated with health concerns, and thereby are monitored for air quality standards and
policymaking. In terms of number concentration, the atmosphere is predominantly com-
posed of fine particles with diameters on the order of hundredths of microns (Seinfeld and
Pandis, 2006, chapter 8, p. 372). Accumulation mode particles have the longest residence
time in the atmosphere. Coarse mode particles, such as wind blown dust or sea-spray, tend
to be emitted into the atmosphere through mechanical processes. For this reason, coarse
mode particles are typically of natural origin and have short residence times. See Figure
2.2 for a comprehensive summary of the differences in formation and removal mechanisms
between aerosol modes.
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Figure 2.1: Processes relavent for aerosol dynamics and chemistry within the atmosphere
(adapted from Kaiser (2016)).
It is important to note when discussing size, the diameter referred to is the “dry diam-
eter”. This is the diameter of a particle when water is excluded from particle composition.
Aerosol particles are not always spherical, so the diameters discussed are approximate values.
This is especially true when considering coarse mode dust particles, which generally have
jagged edges (see Figure 2.3). Different definitions of diameter exist for aerosol particles (e.g.
volumetric diameter (DeCarlo et al., 2004), aerodynamic diameter), though for the purposes
of this study the differences are small enough to be ignored.
With respect to climactic effects and human health, significant aerosol species to consider
include sea spray (SS), mineral dust, black carbon (BC), organic aerosol (OA), sulfate (SO4),
ammonium (NH4), nitrate (NO3) and water (H2O). Natural emissions include dust from
deserts, and SS from ocean surfaces. The majority of coarse mode particles are composed of
these species and thereby dominate particulate matter composition by mass. Dust particles
are comprised of mainly oxides and carbonates from the Earth’s crust. Satellite imagery has
revealed a significant dust plume emerging off the west coast of Africa. These dust particles
become entrained in tropical cyclones over the Atlantic ocean, impacting their intensity and
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Figure 2.2: Idealized schematic of the distribution of particle surface area of atmospheric
aerosol (Seinfeld and Pandis, 2006, chapter 2, p. 59).
timing (Dunion and Velden, 2003). In addition, dust particles can serve as effective ice nuclei
and play an important role in ice cloud formation (Murray et al., 2012). Sea spray aerosol
are composed of sodium chloride (NaCl) and are extremely effective CCN.
Black carbon is emitted from natural (forest fires) and anthropogenic (combustion)
sources. Being the most abundant light-absorbing aerosol species in the atmosphere (Se-
infeld and Pandis, 2006, chapter 2, p. 60), black carbon is particularly important when
considering climactic effects. While most aerosols scatter radiation, black carbon absorbs
radiation across a wide spectrum of visible wavelengths resulting in a warming of the atmo-
sphere. Carbonaceous particles contain graphitic spheres at their core, posing a significant
threat to human health when inhaled (Highwood and Kinnersley, 2006). Graphite has been
known to increase inflammation in humans, contributing to several health related issues. In
7
Figure 2.3: Scanning electron microscope images of internally mixed mineral dust and black
carbon particles observed during various field campaigns (Scarnato et al., 2015).
addition, the small size of combustion generated particles allows them to penetrate deep
within the human lung causing respiratory illness (Highwood and Kinnersley, 2006; Ching
and Kajino, 2018). Many other gas species, including nitrogen and carbon dioxide, are
co-emitted with black carbon during combustion processes.
2.3 Aerosol Life Cycle
Aerosols are constantly evolving. Once emitted or formed within the atmosphere, an aerosol
may experience any number of the aging processes summarized in Figure 2.1. These processes
cause the shape, size and composition of an aerosol to change throughout its lifetime.
Aerosols enter the atmosphere through direct emission (primary aerosol), or form within
the atmosphere by gas-to-particle formation processes like nucleation (secondary aerosol).
Direct emissions include natural and anthropogenic sources, such as wind-blown dust or
vehicle emissions, respectively. Nucleation theory describes the rate at which the very initial
small nuclei appear during the phase transformation process (Seinfeld and Pandis, 2006,
chapter 11, p. 489) and is a primary formation mechanism for nanometer-sized particles. In
the context of this work, nucleations is important as a source of fine mode cloud condensation
nuclei (CCN) (Westervelt et al., 2013).
Upon entering the atmosphere, particles are subjected to transportation processes such
as advection and convective up- and downdrafts. During transportation, particles are free to
interact with other particles and atmospheric gasses. Coagulation is a result of the Brownian
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motion of aerosols and modified by hydrodynamic, electrical, gravitational and other forces
(Seinfeld and Pandis, 2006, chapter 13, p. 595). Coagulation acts as sink for aerosol number
concentration, especially for fine mode particles since coagulation kernel increases with an
increasing difference between the sizes of the involved particles (Seinfeld and Pandis, 2006,
chapter 13, p. 595).
Another dynamic process of aerosol aging is the condensation of low and semi-volatile
vapors onto a particle population or, conversely the evaporation of material from an aerosol to
the gas phase. These processes change the composition and size distribution of a population
(Seinfeld and Pandis, 2006, chapter 13, p. 589). The dominant process is highly dependent on
meteorological conditions including temperature and relative humidity. An aerosol provides
a surface for chemical reactions to occur between the species present within the particle and
the surrounding gas phase. The greater the diameter of the aerosol, the larger the available
surface area for chemical reactions.
As mentioned, aerosols have the ability to serve as CCN and undergo aging processes
related to cloud formation and evolution. The ability of a particle to “activate” to form
cloud or fog droplets depends on environmental supersaturation (Seinfeld and Pandis, 2006,
chapter 17, p. 771). According to Köhler theory, activation is triggered once the water vapor
supersaturation surpasses a critical value (Seinfeld and Pandis, 2006, chapter 7, p. 770). The
vapor pressure required for activation is determined by two effects: 1) the Kelvin effect and
2) the solute effect. The Kelvin effect is dependent on the curvature of the aqueous droplet,
while the solute effect depends on the amount of solute within a drop (Seinfeld and Pandis,
2006, chapter 7, p. 770). Individual properties of aerosol particles may also play a role
in determining a particles ability to active. The chemical species that comprise an aerosol
determine its hygroscopicity, or its ability to take up water. In addition, particles of larger
radius are more likely to activate than smaller particles, given the composition remains the
same. Studies indicate an indirect relationship in importance between size and composition
when determining the likelihood of a particle to activate (Dusek et al., 2006; Twohy and
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Anderson, 2008), meaning as radius increases, composition becomes less important and vice
versa. CCN concentrations range from fewer than 100 cm−3 in remote marine environments
to many thousand in polluted urban areas. The average lifetime of a CCN is approximately
1 week (Seinfeld and Pandis, 2006, chapter 2, p. 58).
Aerosol particles are removed from the atmosphere by precipitation. The other ultimate
removal from the atmosphere is deposition directly onto the surface of the Earth itself.
Removal processes are grouped into two categories: wet and dry deposition. Dry deposition
is the direct transfer of species, gas or particulate, to the Earth’s surface. Wet deposition
includes all processes by which airborne species are transferred to Earth’s surface in aqueous
form, including cloud droplets, rain, fog, and scavenging by droplets. The most effective
removal mechanism is dependent on the radius of a particle. Deposition marks the end of
the aerosol lifetime.
2.4 Aerosol Modeling
Computer models are a necessary tool in furthering understanding of atmospheric aerosols.
Models aid in interpreting measured data and predicting (even projecting) aerosol concen-
trations under varying climate conditions. Understanding how climate change manifests
itself in regional climates and how particulate matter will respond to these changes remains
a fundamental goal of aerosol modeling. In addition, models help gauge potential human
health risks (Ching and Kajino, 2018; Silva et al., 2013).
There are varying levels of complexity in which aerosols are represented within computer
models. Listing from least to most complex, approaches include bulk, modal, sectional
(Seigneur et al., 1986), and particle-resolved (Riemer et al., 2009). Aerosol models are dis-
tinguished based on representation of aerosol number distribution function (Riemer et al.,
2019). The first three approaches require assumptions in mixing state. In the bulk approach,
only total mass of aerosol compounds are represented. This approach is numerically efficient
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but requires no information on particle number or size. The modal approach represents
aerosol size by a discrete number of log-normal distributions. The section approach repre-
sents the size distribution with size bins of universal composition. The full aerosol mixing
state is unresolved in these approaches, resulting in misprediction in climate-relevant aerosol
properties such as CCN concentrations (Zaveri et al., 2010). The particle-resolved approach
(Riemer et al., 2009) explicitly resolves particle composition, essentially avoiding the inher-
ent errors of other approaches; though, particle-resolved modeling can be computationally
expensive. Find further discussion of this modeling approach in Sections 3.3.1 and 4.2.3.
The success of each approach is dependent on its application. Bulk and modal modals
are best suited for climate models on regional or global scales. While sectional and particle-
resolved approaches are best for research studies. For research studies involving mixing state,
the particle-resolved proves the most accurate approach (Riemer et al., 2019).
2.5 Relevance
“We care about fine particles (aerosol) in the atmosphere for three main reasons: they kill
people, they have strong but uncertain climate effects, and they can make it very hard to
see.” - Robinson et al. (2013)
The primary reason to study aerosol particles is their connection to human health. Ac-
cording to the World Health Organization report on ambient air quality and health, air
pollution was estimated to cause 4.2 million premature death’s worldwide in 2016. When
inhaled, fine particles can penetrate deep within the human lung and contribute to res-
piratory and cardiovascular illnesses (Pope et al., 2009; Ching and Kajino, 2018). While
health related concerns are mainly associated with fine particulate matter, climate and vis-
ibility related matters should be analyzed throughout the entire size distribution. Aerosol
particles interact with radiation and clouds, resulting in direct and indirect effects on the
climate. Perturbations in Earth’s radiation budget are directly influenced by aerosol parti-
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cles through absorption and scattering of solar and terrestrial radiation (Ravishankara et al.,
2015). Aerosol particles indirectly influence the radiation budget by acting as CCN or ice
nuclei (Andreae and Rosenfeld, 2008; DeMott et al., 2008; Ching et al., 2017). Clouds will
reflect incoming radiation, and trap outgoing radiation (Seinfeld and Pandis, 2006, chapter
4, p. 103). The clouds reflectivity is highly dependent on the number concentration and
radii of cloud droplets. The overall effect of aerosol on the Earth’s radiative budget is a net
cooling effect, though high uncertainty exists regarding the magnitude of this effect.
Following the quote by Robinson et al. (2013), the final reason to study aerosol relates to
their potential to impact visual range. In the United States, significant federal funding
has been set aside for air quality monitoring in an effort to address visibility issues in
America’s national parks (Malm et al., 1994). The Interagency Monitoring of Protected
Visual Environments was initiated in the spring of 1988, with the goal of monitoring various
aerosol species and sizes at various locations within the United States. In addition, limiting
haze is of particular importance for vehicle operation. Conditions with limited visibility can




Representation in Global Climate
Models
The first application pertains to the assumptions surrounding coarse mode particle repre-
sentation in regional and global climate models. These models frequently do not consider
the interactions of the coarse mode aerosol with smaller particles and its interactions with
the gas phase. This assumption might introduce errors in predictions of the size distribu-
tion, gas partitioning, and cloud condensation nuclei (CCN) concentrations. The objective
of my study is to assess the interactions between the coarse mode with other particle size
ranges and determine the conditions where it is acceptable to treat the coarse mode as non-
interactive. Using the particle-resolved approach, this work will establish a framework for
evaluating errors in assumptions made by regional/global models.
3.1 The Underrepresented Coarse Mode
Atmospheric aerosol particle sizes span several orders of magnitude, ranging from nanometers
to microns. Recall from the introduction, particles with diameters < 1µm are referred to
as fine mode particles, while particles with diameters > 1µm are considered coarse mode.
This distinction in size is a result of differences in sources, and atmospheric aging processes
between the two modes.
While coagulation of particles and condensation of vapors onto aerosol surfaces are ex-
perienced by particles of all sizes, many aerosol modeling studies do not account for these
interactions throughout the entire size distribution (see Table 3.1). Specifically, the coarse
































































































































































































































































































































































































































































































































































































































































































































































































































representation of reality and can lead to significant error in aerosol properties and processes.
For example, a modeling study by Jung et al. (2002) showed a non-negligible decrease in
fine mode number concentration due to coagulation with coarse mode particles during a dust
storm off the coast of Korea. The authors found it was necessary to consider the coarse mode
influence on aerosol dynamics for the case of increased coarse mode concentrations such as
dust storms. The coarse mode’s ability to affect fine mode concentrations is of particular
concern, because fine mode particles are generally tied to human health concerns. Another
study, conducted by Lee et al. (2009), found that competition between coarse dust parti-
cles and fine mode aerosols for sulfuric acid (H2SO4) condensation may lead to fewer cloud
condensation nuclei (CCN) due to reduced growth of fine mode particles. This potentially
contributes to the large errors seen in cloud processes within global climate models. The
presence of the coarse mode can have significant effects nitrate (NO3) formation (Luo et al.,
2007). This additional pathway for condensible matter is particularly important within ma-
rine environments, as demonstrated by Kaiser et al. (2014), and Lasher-Trapp and Stachnik
(2006).
A study conducted by Nagy et al. (2016) found particles within the size range 2.5-5 µm
had an absorbing fraction of 11-22 %. This indicates the presence of an light absorbing
particulate matter within the coarse mode that alters optical properties of these larger
particles. This raises the question what the origin is of this light absorbing material in the
coarse mode. More specifically, does the coarse mode act as a “mop” for fine mode particles,
essentially coating itself in black carbon? The dynamics of this interaction is of particular
interest for particle-resolved modeling techniques.
Treating the coarse mode as “non-interactive” is justified based on the comparatively
short residence time of these large particles and relatively low number concentration (as
compared with fine mode particles). This assumption is widely accepted, and provides a
convenience for aerosol scientists. The coarse mode, by nature, is challenging to measure
and model. Many aerosol sampling instruments are designed with a particle inlet that is
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limited in diameter. In addition, coarse mode particles are not in vapor pressure equilibrium
with the environment. For modelers, this causes complications in representing condensation
processes. Since there is less of a health concern associated with coarse mode particles, most
relevant studies restrict their scope to particulate matter with diameters smaller than 2.5µm
(PM2.5).
This study concerns itself with the validly of the assumptions surrounding the coarse
mode particles. Until recently, an appropriate tool did not exist to benchmark errors asso-
ciated with this assumption, causing them to remain largely unquantified. Using the newly
coupled Weather Research Forecast model (WRF) with the particle-resolved model PartMC-
MOSAIC, this study investigates errors in NO3 partitioning and CCN concentrations when
the coarse mode is ignored or treated as “non-interactive”. Concentration levels where the
coarse mode must be considered will be evaluated. Observational evidence shows that aerosol
mixing state varies with altitude (Curtis et al., 2017). Using WRF-PartMC provides vertical
resolution within the atmosphere, so errors are observed at different levels within the atmo-
spheric boundary later. This work will improve understanding and representation of aerosol
particle interactions throughout the entire size distribution. By evaluating errors in climate
parameters this study will increase our ability to predict future trends in climate change.
This thesis addresses the questions:
1. How does the presence of a coarse mode in a particle-resolved model impact the dis-
tribution of condensible gases (specifically NO3)?
2. Does including a coarse mode result in changes in CCN concentrations, with respect
to time and height within the vertical boundary layer?
3. What is the origin of light absorbing particles found within the coarse mode?
As a result of coarse mode particles “stealing” available condensible vapors from the
fine mode, fine mode particles that would normally activate will not have the opportunity.
Including an interactive coarse mode will reduce CCN concentrations.
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3.2 The Planetary Boundary Layer
Before discussing methodology, it is necessary to briefly describe boundary layer processes
as they relate to this study. Results from the 2D model simulations were mainly analyzed
within the planetary boundary layer. Boundary layer schemes used within the model are
described in the following section.
The planetary boundary layer encompasses the lowest 1 km of the free troposphere. Being
the layer directly above the Earth’s surface, the dynamics of the layer are fundamentally
different from the rest of the free atmosphere. Processes such as friction, and surface heating
and cooling are felt directly and act on timescales less than a day. This causes diurnal
variations in temperature, relative humidity, gas and aerosol concentrations.
Turbulence is the most effective transport process in the boundary layer. Turbulence near
the surface is associated with thermal convections and wind shear. These turbulent motions
transport aerosol and gasses vertically within the planetary boundary layer, allowing for
significant interactions between aerosol particles and gasses. During the day when surface
heating is greatest, convection-driven mixing results in little vertical variation of moisture
and aerosol concentrations. This is known as the mixed layer (ML). Following the evolution
of the boundary layer, during the night the surface cools and a relatively stable boundary
layer (SBL) forms. This is characterized by suppressed buoyancy and weak turbulence
generated by wind shear. The layer just above, from about 200-800 km, is known as the
residual layer (RL). In the absence of advection, the residual layer maintains the pollution
and humidity conditions generated by the mixed layer throughout the nocturnal period.
Once surface heating is initiated, and the stable surface layer is overturned, the residual
layer becomes entrained in the mixed layer. This diurnal cycle varies day-to-day depending
on cloud cover and other conditions that affect incoming radiation (haze, dust, etc.).
Observational evidence, and planetary boundary layer dynamics, suggest that aerosol
mixing state varies with altitude. For example, a study by McMeeking et al. (2011) found the
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fraction of particles heavily coated in black carbon displayed strong altitude dependence over
United Kingdom cities. Aged plumes, high within and above the residual layer, contained
the highest single-particle black carbon mass fraction observed. This study confirms that the
aging of individual particles is directly linked to transport processes within the atmosphere.
3.3 Model Description and Methodology
3.3.1 WRF-PartMC Model Description
My study takes advantage of the newly coupled particle-resolved model, WRF-PartMC-
MOSAIC. The model resolves the composition on a per-particle level in a 3D domain and
couples the aerosol and gas-phase chemistry with the meteorology. This approach has dis-
tinct advantages over current models used, by eliminating assumptions in per-particle com-
positions and mixing state. The evolution (due to coagulation, condensation of secondary
aerosol particles, and vertical mixing within the column) of the individual particles of differ-
ent emission types is tracked throughout the simulation. Features of this model allow me to
quantify the impact of coarse mode interactions on aerosol size distributions and composition
for a variety of meteorological conditions, aerosol and gas concentrations.
Curtis et al. (2017) provides a comprehensive description of column model WRF-PartMC.
Relevant details will be described in brief here. WRF-PartMC was initialized with 59 vertical
levels, logarithmically spaced with 16 levels within the PBL domain. The Mellow-Yamada-
Janjic (MYJ) PBL scheme (Janjic, 1994) was used to model turbulent transport and param-
eterize the diffusion coefficient for the particle transport scheme. The model was initialized
with 10 000 computational particles for each level, resulting in approximately 600 000 par-
ticles within the vertical domain of the column. The number of particles fluctuates as the
column evolves due to aerosol aging processes such as coagulation, emission, transport and
dry deposition.
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Case Name Dpg (µm) σg E (m
−2 s−1) Reference
1 No coarse case – – 0 –
2 Normal case 1 2 5.0 × 103 Malm et al. (1994)
3 High coarse concen-
tration - 1µm
1 2 6.0 × 104 Draxler et al. (2001)
4 High coarse concen-
tration - 5µm
5 2 4.0 × 103 Draxler et al. (2001)
Table 3.2: Details of scenarios designed for study. Case name, coarse mode geometric mean
diameter (Dpg), geometric standard deviation (σg), and emission rate are shown. Coarse
mode emissions remained constant throughout the 48 hour simulation. Cases were designed
based on global coarse mode concentrations and cases used in past literature.
Initial N (m−3) Dgn (µm) σg Composition by mass
Aitken Mode 3.2 × 109 0.02 1.45 50% (NH4)2)SO4, 50% POA
Accumulation Mode 2.9 × 109 0.116 1.65 50% (NH4)2)SO4, 50% POA
Emissionsa E (m−2 s−1) Dgn (µm) σg Composition by mass
Diesel vehicles 1.1 × 108 0.05 1.7 30% POA, 70% BC
Gasoline vehicles 3.5 × 107 0.05 1.7 80% POA, 20% BC
Table 3.3: Initial and emitted aerosol distribution parameters.
a Diesel and gasoline vehicle emission values are averaged over the 48-h simulation period.
3.3.2 Designing Cases
Four scenarios were designed to observe errors in fine mode size distribution, CCN concen-
trations and NO3 partitioning for a variety of coarse mode concentrations. Details of these
scenarios are outlined in Table 3.2. Case 1 does not contain a coarse mode and is similar to
the column model idealized scenario setup by Curtis et al. (2017). The scenario simulates
a 48 hour episode starting at 06:00 local standard time (LST). Gas-phase emissions were
specified at the surface and were based on the urban plume case described by Riemer et al.
(2009). Table 3.3 shows the initial aerosol distributions and aerosol emission types used in
Case 1. Carbonaceous aerosol particles emitted from the surface originate from two differ-
ent sources: diesel vehicles and gasoline vehicles. Emissions were applied based on diurnal
patterns in particle emission rates. The resulting 48 h time series, based on weekday traffic
distribution fractions, is shown in Figure 3.1.
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Figure 3.1: Time series of diesel and gasoline area source surface emissions for the 48h
simulated period.
Case 1 is used as a reference for comparison to the remaining three coarse mode containing
scenarios. An additional coarse aerosol mode is added to the remaining three scenarios.
These coarse mode particles are composed of primarily inorganic (OIN - model species for
“dust”) particle (≈ 99 %), with small amounts of calcium and carbonate (CO3). The coarse
mode particles vary in size and emission source strength based on the specifications in Table
3.2. In contrast to the carbonaceous emissions of coarse mode particles, emission rates are
constant and do not follow the same diurnal cycle as carbonaceous particles.
Case 2 is named the “normal case”, containing coarse mode mass concentrations similar
to those of a typical urban/suburban area. Cases 3 and 4 both contain high coarse mode
concentrations, with similar coarse mode concentrations to that of a dust storm in the
Middle East (Draxler et al., 2001). Case 3 has a coarse mode with geometric mean diameter
of 1µm, while Case 4 contains a goemetric mean diameter of 5µm coarse mode. Coarse
mode concentrations mass concentrations were chosen based on past literature, and global
monitoring sites for PM2.5 and PM10 concentrations. Relevant background literature and
global coarse mode concentrations are displayed in Table 3.4.
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Location Avg. Min. Max. Species Considered Reference
United States – 3.16 16.35 PM Malm et al. (1994)
China 62.8 16.1 242.7 PM Zhou et al. (2016)
Europe – < 1 15 PM EMEP
Japan 8.7 1.7 50.7 PM EANET
Mexico City – 5 40 Dust Karydis et al. (2010)
Saudi Arabia
(dust storm)
500 100 2,000 Dust Draxler et al. (2001)
Table 3.4: Average, minimum and maximum coarse mode mass concentrations in various
global locations. All concentrations have units of µg/m3. EMEP - European Monitoring
and Evaluation Programme network. EANET - Acid deposition monitoring network in East
Asia.
3.4 Results and Outlook
The diurnal patterns of temperature, aerosol number concentration and aerosol mass concen-
tration within the boundary layer are displayed in Figures 3.2 – 3.5. Convection determines
temperature cycles, with the surface of the Earth experiencing solar heating and a rise in
temperature during daylight hours. The highest values in relative humidity are seen at high
altitudes within the boundary layer. A small decrease in the relative humidity is seen when
surface heating causes vertical mixing of water vapor. The aerosol number concentration
increases as surface emissions increase (see Figure 3.1), then consistently decrease during
the night. This differs from the diurnal pattern seen in NO3 mass concentration, where
there is no apparent decrease. The difference is a result of coagulation processes which de-
crease number concentration but do not affect mass concentration, an important distinction
between the two concentration measurements.
For reference, coarse mode mass concentrations for each scenario are seen in Figure 3.6.
Mass concentrations for Case 2 do not exceed 50µg m−3. This is representative of typical
coarse mode concentration measurements from different countries, with the exception of
China and the Middle East (Table 3.4). Case 3 and 4 show much higher concentrations,
typical for that of a dust storm in the Middle East (Draxler et al., 2001). These cases are
































Figure 3.2: Diurnal patterns in temperature for 48 h simulated period.
of Africa, China and Saudi Arabia. In general, coarse mode concentrations decrease with
increasing height within the atmosphere. Notice the difference in concentration between
heights decreases from 06:00 AM to noon. The smallest differences in concentrations occur
simultaneously with times that show significant surface heating (refer to Figure 3.2). Surface
heating and associated convection homogenize the planetary boundary layer, resulting in the
decrease in differences between concentrations at different layers.
The ability of CCN to activate is dependent on particle size and composition, as well
as the environmental supersaturation. According to Köhler theory, aerosols need to reach a
critical diameter prior to activation. An interactive coarse mode will create competition for
available condensible vapors with fine mode particles. This may result in less activated CCN
within simulations containing an interactive coarse mode. Figure 3.7 shows the distribution
of NO3 between fine and coarse mode aerosols for Case 3. The total available NO3 is shown
in Figure 3.5. The NO3 mass fraction for each fine and coarse mode particle is calculated
and displayed for each hour within the simulation. Initially, all available NO3 is contained in
fine more particles. As the boundary layer evolves, coarse mode particles compete for NO3.





































Figure 3.3: Diurnal patterns in relative humidity for 48 h simulated period.
mode (up to 4 % by Day 2 in the simulation), rather than fine mode particles.
The time series of CCN concentrations is shown in Figure 3.8. CCN are counted as
activated when the environmental supersaturation surpasses the critical supersaturation cal-
culated for each individual particles within the simulation. Figure 3.8 shows the results for
an environmental supersaturation of 0.2 %. For each case a peak in CCN concentrations is
seen midday. Though, the peak value of CCN concentrations is less on the second simulated
day. The figure was analyzed for differences between the four cases. Specifically, compar-
ing Case 1 (no coarse mode) to the other three cases (where a coarse mode is present). It
was hypothesized that including an interactive coarse mode would decrease the number of
activated fine mode CCN. Even for dust storm cases (Case 3 and 4) where the coarse mode
is present in high concentrations, there are negligible differences in the number of activated
CCN as compared to Case 1. The differences can possibly be attributed to stochastic differ-
ences between the simulations. Further analysis, by conducting an ensemble of simulations,
is necessary in order to understand how these negligible differences are manifested within
the simulations.














































Figure 3.4: Diurnal patterns of aerosol number concentration for 48 h simulated period.
optical properties. As mentioned in Section 3.1, a study conducted by Nagy et al. (2016)
found particles within the size range 2.5-5 µm had an absorbing fraction. Size-resolved
measurements were made possible by a dual wavelength optical particle spectrometer. This
absorbing fraction indicates the presence of an absorbing aerosol, for example black carbon,
within the coarse mode. An intrinsic component of particle-resolved modeling is the tracking
of each individual particles coagulation history throughout the simulation. Coagulation
provides a pathway for carbonaceous aerosol particles to become coarse mode particles (if
a coagulation event occurs between a BC and coarse particles). Though further work is
necessary, these coagulation events were observed and shown in Figure 3.9. Note that this
figure shows the results with simulation time extended to 96 h to provide time for more
coagulation events. The histogram shows there is a greater number of coagulation events
between the coarse mode and carbonaceous particles, compared to the number of coagulation
events between carbonaceous emission sources. Figure 3.10 shows BC mass fraction within
coarse mode particles. However, even the largest mass fractions in Case 3 do not exceed
0.06 %. Further investigation into the absorptivity of coarse mode particles due to BC










































Figure 3.5: Diurnal patterns of NO3 mass concentration for 48 h simulated period.
of particular importance because of health concerns associated with fine mode carbonaceous
particles (discussed earlier in section 3.1).
3.5 Conclusions
Motivated by the newly coupled model WRF-PartMC, this work investigates the role of
the coarse mode in ambient aerosol dynamics. Specifically, the validity of assumptions
surrounding coarse mode treatment in aerosol studies; namely, the coarse mode being ignored
or treated as non-interactive. Most sampling studies are restricted by the size of the inlet
on their instrumentation, so the coarse mode cannot be measured. In modeling studies, the
coarse mode cannot coagulate with other modes and atmospheric vapors are not permitted
to condense onto this mode. To investigate the errors generated in climatological properties
due to this treatment, four simulations were run using WRF-PartMC. One simulation did
not include a coarse mode, while the others contained a single coarse mode of varying size
and concentrations. Cases were designed to analyze coarse mode influence in average and
above average (for example in particularly dusty environments found within the Middle East
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and Asia) coarse mode concentrations. The goal was to determine whether certain conditions
exist globally where non-negligible errors in CCN concentrations are generated due to the
non-interactive treatment of the coarse mode.
The results from the 48 h simulations indicate the coarse mode has negligible effects
on CCN concentrations. The maximum mass fraction of available NO3 partitioning to the
coarse mode throughout the simulation did not exceed 4 %. This was seen near the surface
during the final hours of the simulation period for Case 3. The study by Jung et al. (2002),
discussed in Section 3.1, found the amount of condensed material on the nuclei mode particles
decreased when number concentration of coarse mode increased. This agrees with our result,
though number concentrations of coarse mode particles were higher in the Jung et al. (2002),
ranging from 5 - 100 cm−3. Coarse mode number concentration in this thesis remained below
12 cm−3.
When looking at CCN concentrations directly, little difference is observed between Case
1 (no coarse mode) and Cases 2 through 4 (interactive coarse mode). The small differences
can possibly be attributed to stochastic differences between simulations. Further work is
necessary to generalize these results.
It is essential to note that even in the high coarse mode concentration cases (Case 3 and
4) the number concentration of coarse mode aerosol particles remains below 12 cm−3. Refer
to Figure 3.11 for the time series of coarse number concentration for each case. These are ex-
tremely low number concentrations, as compared to fine mode (see Figure 3.12), and creates












































































Figure 3.6: Two day diurnal cycle of coarse mode mass concentrations for each case at
various heights within boundary layer.
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Case 3: 1µm coarse
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CCN Concentration (0.2 % supersaturation)
Figure 3.8: Time series of CCN concentrations for each case at a supersaturation of 0.2 %











































Figure 3.9: Histogram showing coagulation events between different emission sources in
simulation for Case 3 accumulated for 48 h. The x and y axis are labeled with the emission
sources. Each box corresponds to the number of coagulation events between two emission
sources. For example, the box in the bottom right corner is the number of times the coarse
mode coagulated with diesel particles.
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Figure 3.12: Fine mode number concentration time series for Case 3. Patterns and magnitude
of the fine mode number concentrations are almost identical for each case.
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Chapter 4
Quantifying Errors in Aerosol Mixing
State Metrics caused by Limited
Particle Sample Sizes
The second application evaluates the error that is introduced in quantifying observed aerosol
mixing states due to a limited particle sample size. Aerosol sampling studies have the ability
to capture only a limited number of particles within an aerosol population. We used the
particle-resolved model PartMC-MOSAIC to generate a scenario library that encompasses
a large number of reference particle populations. From this wide range of mixing states,
metric χ was quantified (see Section 4.2.2). We stochastically sub-sampled these particle
populations using sample sizes of 10 to 10 000 particles and recalculated χ based on the
sub-samples. Our findings are experimentally confirmed using SP-AMS measurement data
from the Pittsburgh area. This chapter is being prepared for submission to Geophysical
Research Letters.
4.1 Introduction
Atmospheric aerosol are evolving mixtures of different chemical species (Prather et al.,
2008). The term “aerosol mixing state” is commonly used to describe how different chemi-
cal species are distributed throughout a particle population (Winkler, 1973; Riemer et al.,
2019). Aerosol mixing state influences the particles’ reactivity (Ryder et al., 2014), their
optical properties (Moffet and Prather, 2009; Lesins et al., 2002), their hygroscopicity (Sul-
livan et al., 2009; Ching et al., 2017), and their propensity to serve as ice nuclei (Ching
et al., 2018). Hence, to predict aerosol impacts on atmospheric chemistry and climate, it is
important to account for mixing state (Riemer et al., 2019), and this motivates efforts to
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determine mixing state from ambient observations (Healy et al., 2014; O’Brien et al., 2015;
Ye et al., 2018) and from modeling (Riemer et al., 2009; Riemer and West, 2013; Ching
et al., 2016).
The terms “internal” and “external” mixture qualitatively describe mixing state. A
population is considered fully internally mixed if each individual particle consists of the
same species mixtures, while an external mixture implies that the different aerosol species
reside in separate particles. Most ambient aerosol populations do not fit into either category,
but resemble both internal and external mixtures to a degree.
For a quantitative description of aerosol mixing state, the mixing state index χ has
been introduced (Riemer and West, 2013), which can be calculated based on the particles’
species mass fractions. This scalar quantity ranges from 0% to 100% for fully external to
internal mixtures, respectively. Several field studies have used this index to quantify mixing
states for different ambient environments using sophisticated single-particle measurement
techniques, including electron microscopy and X-ray spectroscopy (O’Brien et al., 2015), and
mass spectrometry (Healy et al., 2013). These observations confirm the notion that mixing
states in the ambient atmosphere are neither completely internally nor externally mixed but
rather exist on a spectrum in between those limiting cases with characteristic temporal and
spatial variability. For example, a study by Healy et al. (2014) for the MEGAPOLI campaign
in Paris, France, revealed a distinct diurnal cycle of χ, with more internal mixtures during
the night when ammonium nitrate formation was prevalent. Ye et al. (2018) quantified the
spatial variation of χ for the city of Pittsburgh, on a neighborhood scale with a mobile
measurement platform and found the lowest values (36%) close to an interstate highway and
the highest values (76%) in rural or suburban regions.
Inherent to the experimental methods is the sampling of a finite number of particles
to estimate the mixing state and associated metrics, ranging from a few hundred to many
thousand particles, depending on the instrumentation. For example, O’Brien et al. (2015)
utilized electron microscopy and X-ray spectroscopy methods to analyze particle samples
34
from the 2010 Carbonaceous Aerosols and Radiative Effects study with sample sizes ranging
from several hundred to several thousand particles. Ye et al. (2018) used single particle mass
spectrometry with sample sizes on the order of tens of thousand particles.
The question arises of how large a particle sample size must be to adequately represent
the mixing state of the population. Using a large ensemble of simulated aerosol populations
generated with a particle-resolved model, the goal of this work is to quantify errors in
determining χ introduced by limited-size particle samples. Since using field observations,
the “true” value of χ is not known, we also provide confidence intervals for sampled χ values
given a certain sample size.
4.2 Methods
4.2.1 Definitions
Before continuing this discussion on mixing state, it is important that terminology related
to aerosols is established.
Species
A chemical species is an ensemble of similar molecules. The extent of the similarities between
these molecules is often determined by the measurement technique of the computational
power available in aerosol model representation. In this study, examples of species include
ammonium sulfate, ions such as nitrate, sea-salt, or more complex mixtures such as secondary
organics (refers to hundreds of distinct organic species). The species composing a single
particle is constantly changing as an aerosol undergoes aging processes such as coagulation
and condensation with other atmospheric constituents.
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Population and Population Diversity
An aerosol is defined as a population of particles suspended in a gas. Consider a population
of N aerosol particles at a specific location. Each particle can be represented as an array with
components mass (mi), mixing entropy (Hi), and particle diversity (Di), where i references
an individual particle (represented in equation 4.1). These aid in describing how uniformly
distributed the constituent species are within individual particles comprising a population,
Π, at a particular time. The diversity of a population is constantly evolving temporally




















The particle diversity, Di represents the number of “effective species” in particle i. Di
ranges from 1 to A, where A is the number of species in particle i, and can be calculated
using equation 4.2.
Di = expHi (4.2)
4.2.2 Calculating Mixing State Index χ
The mixing state index χ by Riemer and West (2013) provides the first rigorous definition






The diversity metrics, in turn, are defined as follows. First, the per-particle mixing entropies




−pai ln pai , (4.4)
where A is the number of distinct aerosol species, and pai is the mass fraction of species a
in particle i. These values are then averaged (mass-weighted) over the entire population to







where Np is the total number of particles in the population, and pi is the mass fraction of




−pa ln pa, (4.7)
Dγ = e
Hγ , (4.8)
Details behind mass based variables associated with χ calculations are summarized in Ta-
ble 4.1.
Importantly, the definition of “species” depends on the application or the instrumentation
used to determine mass fractions. In previous studies, elemental species have been used
(O’Brien et al., 2015; Fraund et al., 2017; Bondy et al., 2018), while others used molecular
species (Healy et al., 2014; Ye et al., 2018) or species groups (Dickau et al., 2016; Ching
et al., 2017; Hughes et al., 2018). To make our results comparable to Ye et al. (2018), we
chose the aerosol model species that constitute the dry aerosol mass, such as ammonium,
sulfate, nitrate, black carbon, as well as several organic species, with the addition of dust and
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Quantity Meaning
























mass fraction of species a in population
Table 4.1: Aerosol mass and mass fraction definitions and notations. The number of particles
in the population is N , and the number of species is A (Riemer and West, 2013).
sodium chloride. Aerosol water is excluded from our calculations. While our scenario library
includes coarse mode particles, we only included sub-micron particles in our calculations for
χ, since this is the relevant size range for ambient measurements using AMS instruments.
4.2.3 PartMC-MOSAIC Model Description
PartMC-MOSAIC is a unique modeling tool to simulate aerosol mixing state and its impacts
under a wide variety of conditions. With this method, each particle can be represented
explicitly allowing for accurate calculations of single-particle species mass fraction. A de-
tailed description of PartMC-MOSAIC is given in Riemer et al. (2009). In brief, PartMC
(Particle-resolved Monte Carlo) is a box model which explicitly resolves the composition on a
per-particle level within a well-mixed computational volume representative of a much larger
air parcel. The evolution of the particle population—due to Brownian coagulation, emis-
sion and dilution—is tracked throughout the simulation using the Monte Carlo approach.
PartMC is coupled to MOSAIC (Model for Simulating Aerosol Interactions and Chemistry)
(Zaveri et al., 2008) which models gas phase chemistry and gas-particle partitioning. MO-
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SAIC consists of four modules: (1) gas-phase photochemistry mechanism CBM-Z (Zaveri and
Peters, 1999), (2) the Multicomponent Taylor Expansion Method (MTEM) (Zaveri et al.,
2005b), (3) the Multicomponent Equilibrium Solver for Aerosols (MESA) for intraparticle
solid-liquid partitioning (Zaveri et al., 2005a), and (4) the Adaptive Step Time-split Euler
Method (ASTEM) for dynamic gas-particle partitioning (Zaveri et al., 2008). To simulate
secondary organic aerosol (SOA) the SORGAM scheme is used (Schell et al., 2001). MO-
SAIC treats all locally and globally important gas and aerosol species including a total of
77 gaseous species and 19 aerosol species including SO4, NO3, Cl, CO3, NH4, Na, Ca, other
inorganic mass (representing crustal material), black carbon (BC), primary organic aerosol
(POA) and SOA.
4.2.4 Ensemble of Scenarios and Sampling Technique
To generated confidence intervals for χ for a wide range of conditions, we made use of a
scenario library that consists of 1 000 different PartMC-MOSAIC scenarios (Hughes et al.,
2018). All scenarios used a simulation time of 24 hours, starting at 6:00 a.m. local time,
with output saved every hour. Each simulation was run using 105 computational particles,
producing a high-resolution representation of aerosol mixing state. Twenty-four input pa-
rameters (temperature, relative humidity, latitude, gas phase emission rates, emission rates,
size parameters and composition of of primary aerosol particles, including carbonaceous par-
ticles, sea salt, and mineral dust) were varied between scenarios to allow for large variations
in mixing state evolution. The scenario inputs were generated using Latin hypercube sam-
pling to provide efficient sampling across the high-dimensional input parameter space. The
entire scenario library generated 24 000 distinct reference particle populations, for each of
which we calculated the reference value χref of the mixing state index. Refer to Table 4.2
for a summary of sampling notation.
To mimic the sampling process used in single-particle field measurements, we subsam-
pled each reference population without replacement using different sample sizes (N =
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Quantity Name Range Meaning
N sample size 10, 100, 1 000 or 10 000 notation to indicate sample
size
χref reference χ 0 to 100% mixing state index for
reference population of size
100,000
χNk sample χ 0 to 100% mixing state index of the k
th
sample of size N
Table 4.2: Notation for quantities related to sampling procedure.
10, 100, 1 000, 10 000) and recalculated χ based on these subsamples. We denoted these χ
values as χN . To determine confidence intervals we repeated each subsampling 1000 times,
which resulted in 24 000 000 samples (24 hours × 1 000 scenarios × 1 000 samples) for each
sample size N .
Figure 4.1 illustrates this process for one single example population. In this case, χref
was 46%. Sampling this population with only 10 particles produced a broad range of χ10
values from 20 to 100%. This range narrowed progressively as N increased, resulting in a
range of 41 to 50% for a sample size of 10 000 particles. Another important result is that for
small sample sizes, χN is overestimated. In Section 4.4, we will see that this positive bias
is a consistent result of the sampling process that can be explained with the fact that on
average a sub-population overestimates Dα and underestimates Dγ.
4.2.5 Experimental Determination of χ Using Observations in
Pittsburgh
To provide experimental confirmation for the particle-resolved modeling results, a similar
analysis was conducted using field data from Ye et al. (2018). In this study, aerosol samples
were collected using the single-particle mode of a soot-particle aerosol mass spectrometer on
a mobile platform throughout the city of Pittsburg, PA. Three aerosol samples were used for
the analysis here including the sample collected in Pittsburgh downtown (∼ 11 000 particles),
at the Carnegie Mellon University (CMU) campus in the summer (∼ 15 000 particles) and at
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Figure 4.1: Frequency distribution of χN for one example population (χref = 46%) and
different sample sizes. For each sample size, the sampling process was repeated 1000 times.
The dashed colored lines correspond to the average χN for the specified sample size.
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the CMU campus in the winter (47 000 particles). Aerosols collected in Pittsburgh downtown
was chosen to represent samples from regions with high source impacts, while the CMU
campus represents an urban background.
Aerosol population collected in Pittsburgh downtown is a combination of six visits to
downtown, and sampling time in each visit ranged between 30 minutes and 1 hour. Aerosol
populations collected at CMU campus are aggregated over several hours to a day. Average
population sizes of 10, 100, and 1 000 are stochastically sampled from the reference samples.
Five species are considered for calculations of the mixing state index: organics, nitrate,
sulfate, chloride and black carbon.
4.3 Measurement Techniques for Aerosol Mixing
State
Sophisticated instrumentation has been designed to measure aerosol mixing state in the
field. These methods combine ambient measurements of individual particles to define the
properties of the overall population (Riemer et al., 2019). These single-particle aerosol
measurement techniques have been the driving force in developing understanding of the
complex chemical composition and mixing state of individual particles. Single-particle mea-
surement techniques include electron/X-ray microscopy, vibrational spectroscopy and mass
spectrometry. These methods provide information on particle elemental or oxidative state,
functional groups and molecular composition, respectively. Instrumentation associated with
each method is detailed by Riemer et al. (2019), a brief summary, focusing in instrumentation
capable of calculating χ, will be given here.
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4.3.1 Electron Microscopy and X-ray Spectroscopy Methods
Both scanning electron microscopy (SEM) and transmission electron microscopy (TEM) in-
volve an electron beam directed at a sample of particles. The electron beam excites atoms
within the sample, and creating an image of the aerosol particles. To infer particle com-
position, electron microscopy techniques are coupled with X-ray spectroscopy allowing for
particle-to-particle composition variability to be observed within the atmosphere. An ex-
ample of instrumentation that uses this coupled method to provide a detailed electronic
structure and bonding information associated with a particle is that of scanning transmis-
sion X-ray microscopy with near edge X-ray absorption fine structure spectroscopy (STXM-
NEXAFS) and computer-controlled beam scanning as described by O’Brien et al. (2015).
STXM-NEXAFS is a purely photon based method using highly monochromatic X-rays from
beamlines to observe the composition of many atmospheric species (such as primary and
secondary organic aerosol (OA), biomass burning and sea spray). Available at Lawrence
Berkley National Laboratory, STXM-NEXAFS has been automated to generate the data
needed for mixing state analysis (Moffet et al., 2010). Though, the technique can only sam-
ple a relatively small number of particles. For example, the 2010 Carbonaceous Aerosols
and Radiative Effects study analyzed in O’Brien et al. (2015) collected from 299 to 5,825
particles within each sample.
4.3.2 Vibrational Spectroscopy and Optical Methods
Vibrational spectroscopy techniques use electromagnetic radiation to detect vibrational modes
within particles, allowing for analysis of covalently-bonded molecules, and the characteriza-
tion of functional groups within complex organic material (Ault and Axson, 2017). Vibra-
tional spectroscopy techniques can be coupled with optical trapping and tweezing techniques
for a more detailed characterization of the chemical and physical process of a single aerosol
(Riemer et al., 2019). The recent focus within these spectroscopic and optical techniques has
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been on specific sub-populations, specifically soot and bioaerosols (Adachi et al., 2016). An
example of instrumentation developed to observe mixing state within this light-absorbent
aerosol sub-populations is the real-time soot-particle aerosol mass spectrometer (SP-AMS)
(Onasch et al., 2012). As discussed, Ye et al. (2018) used an SP-AMS with an event trig-
ger single-particle mode (Aerodyne, Inc.) to collect samples within the city of Pittsburg.
SP-AMS uses laser-induced incandescence of absorbing soot particles, providing a unique
method for measuring the chemical composition of organics, sulfates, nitrates, etc. Sample
sizes used by Ye et al. (2018) were on the order of ten-thousand particles. These methods
will prove useful in future calculations of aerosol mixing state sensitivity to pressure and
temperature (Riemer et al., 2019).
4.3.3 Mass Spectrometry Methods
Single particle mass spectrometers (SPMSs) provide measurements of particle size and chem-
ical composition in real-time. SPMSs measure the most chemical species and has thereby
revolutionized the understanding of individual aerosol composition (Riemer et al., 2019).
SPMSs utilize aerosol dynamic sizing and modern laser desorption ionization techniques in
a vacuum to analyze an aerosol population within field-deployable instrumentation. SPMSs
methods are utilized in the aerosol time-of-flight mass spectrometer (ATOFMS), which sam-
ples particles just above ground level. The time of flight is calculated using two continuous
wave lasers and particles were desorbed/ionised using a Nd:YAG 266 nm laser (Healy et al.,
2013). Dual-ion mass spectrum were collected for each particle and chemical species (such
as OA, ammonium, nitrate, sulfate chloride, potassium and sodium) were resolved. The
ATOFMS collects particle samples on the order of hundreds to thousands of particles (Gard
et al., 1997). Though data from this measurement technique is complex, the ability to re-
solve the size and composition of individual particles allows for a better representation of
the entire aerosol population.
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4.4 Results
The goal of our analysis was to establish a range of χref values, associated with a sampled
value of χ. This information would provide a guide for aerosol field studies regarding their
errors in mixing state due to a limited sample. The model output was first be analyzed
for a single population for simplicity (Figure 4.1 in Section 4.2.4), then extended to the
entire scenario library. Our analysis consists of comparing sampled χN to χref values and
ultimately, calculating the 95%-confidence interval.
The sampling results are presented as two-dimensional histograms that, for each sample
size N , include all 1000 samples of the 24 000 reference populations (resulting in 24 000 000
data points for each sample size). Figure 4.2 shows χN versus χref for the four sample sizes.
As the sample size increased the points converged on the one-to-one line, meaning that
sampled mixing state values more accurately approximate the associated reference values.
For sample sizes of 10, 100, and 1000, χN shows a positive bias, i.e., the sampled mixing
state values χN tend to be larger than the reference χref values. This bias is inherent to
calculations of the diversity metrics. In brief, recall equation 4.3 to calculate χ from diversity
metrics Dα and Dγ. The concave nature of the Dγ function results in a underestimation of
the values derived from the sampling process. This is seen in Figure 4.3 which shows the
reference Dγ as a function of sampled Dγ. This is combined with an overestimation in the
calculation of Dα, a convex function (Figure 4.4).
To provide experimental confirmation for the particle-resolved modeling results, a similar
analysis was conducted using field data from Ye et al. (2018). Details of this study were
discussed in section 4.2.5. A similar analysis was conducted where the samples collected
were subsampled for populations of sizes 10, 100 and 1 000 particles. Subsamples were taken
from three different samples, corresponding to three different χ values (these are labeled
as Downtown, Aug. 12 and Jan. 15). The subsampling procedure was repeated for each
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Figure 4.2: Distribution of sampled population mixing state index χN and reference mixing
state index χref for increasing sample sizes. The solid black line is the 1:1 line.
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Figure 4.3: Distribution of sampled population mixing state parameter DNγk and reference
mixing state index χref for increasing sample sizes. The solid black line is the 1:1 line.











N = 10 Particles
0 2 4 6
Dαref (%)
N = 100 Particles
0 2 4 6
Dαref (%)
N = 1,000 Particles
0 2 4 6
Dαref (%)




















Figure 4.4: Distribution of sampled population mixing state parameter DNαk and reference
mixing state index χref for increasing sample sizes. The solid black line is the 1:1 line.
46











N = 10 Particles
0 25 50 75 100
χref(%)
N = 100 Particles
0 25 50 75 100
χref(%)




Figure 4.5: Sampled χNk a function of χref obtained experimentally. The 1:1 line is drawn
for reference.
are displayed in Figure 4.5. Increasing sample size results in a convergence on the 1:1 line,
consistent with modeling results. The bias seen in modeling results is prevalent within these
experimental results, as well.
The 95% confidence interval for a given sampled χ-value is shown in Figure 4.6 as a range
∆χ about χN . This means that 95% of the χref values fall within the range χ
N + ∆χ. For
small sample sizes, the confidence interval is highly asymmetric and larger for populations
that appear more internally mixed. For example, assuming that a sample of 10 particles is
used to compute a sampled χ10 value of 20%, the 95% confidence interval for the reference
χ for the whole population extends from 19% to 50%. In contrast, for a χ10 value of 90%,
the confidence interval extends from 30% to 95%. For large sample sizes (e.g., N = 10 000),
the confidence interval is narrow for large and small sampled χ values. It broadens for
intermediate χ values, but remains within ±10 percentage points. Considering that the true
χ value of a population is not known a priori, our results suggest that a sample size of
1000 particles is needed to obtain an estimate of χ within 20 percentage points and 10 000
particles are needed to determine χ within 10 percentage points for any mixing state.
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Figure 4.6: 95%-Confidence intervals for sampled χN values for sample sizes of 10, 100, 1000,
and 10 000 particles.
4.5 Conclusions
Since the advent of sophisticated measurement techniques on a single-particle level, there
has been a significant amount of studies documenting information on the composition of
individual aerosol particles. This research has revealed the complex amalgam of chemical
species comprising each particle within a population. To quantify these complex mixtures,
χ was defined and used by experimentalists to better describe the mixtures observed in
different locations around the globe.
Single-particle instruments by necessity use finite particle samples to determine population-
level quantities, with the sample size being determined by practical consideration of data
acquisition. In this study we developed a method to determine confidence intervals for
a population-level quantity, the mixing state index χ, that is determined from particle-
level information. We accomplished this by using model-generated particle populations as
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a reference, which were subsequently subsampled. This analysis revealed that finite particle
samples introduce a positive bias in the estimation of χ. The confidence interval, not surpris-
ingly, depends on the mixing state itself. A sample size of 1000 particles allows an estimate
of χ within 20 percentage points, and 10 000 particles are needed to determine χ within 10
percentage points for any mixing state. This approach can be extended to the measurement
of other population-level quantities that are estimated based on particle samples, including




Being particle-resolved, PartMC-MOSAIC does not have to make assumptions regarding
aerosol representation. Thereby, this model provides a unique tool to evaluate errors due
to limitations in other modeling or sampling studies. In this thesis, two applications were
investigated: the errors due to 1) coarse mode representation and 2) limited particle sample
sizes. Both applications highlighted the potential and range of this modeling approach.
The first limitation evaluated was coarse mode representation in popular modeling and
sampling studies. As mentioned, the coarse mode is often ignored or treated as “non-
interactive”. Due to instrumentation and computational limitations, this assumption is
often unavoidable. Using the particle-resolved approach, this study sought to assess the
interactions between coarse mode particles and other size ranges. Errors in climate properties
associated with this treatment of the coarse mode were of particular concern, since this
provides a large source of uncertainty for climate modelers. Four cases were designed, one
without a coarse mode and three with an interactive coarse mode, to evaluate these errors.
The case with no coarse mode was necessary for comparison. This study found that even
in environments with high coarse mode mass concentrations, the presence of these particles
had negligible effects on the investigated parameters. Specifically, even at peak values with
respect to time and height within the PBL, a maximum of 4 % of all available NO3 partitioned
onto the coarse mode. Negligible, possibly stochastic errors occurred in CCN concentrations.
Due to associated health concerns, fine mode particles are of particular interest to aerosol
scientists. For this reason it is important to understand how coarse mode particles interact
with fine mode. For example, coarse mode particles compete for condensible gases (observed
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in NO3 partitioning) and coagulate with fine mode particles. These coagulation events alter
the number concentration of fine mode particles within the atmosphere. Figure 3.9 demon-
strates the high number of coagulation events between coarse and combustion particles.
Further work is necessary to evaluate whether the changes in fine mode number concentra-
tion are a significant source of error in global aerosol models. In addition, these coagulation
events cause absorbing particles to be transferred to the coarse mode. The nature of this
interaction, and changes in coarse particle optical properties provide an interesting path for
further investigation.
The second limitation involved the error introduced in quantifying observed aerosol mix-
ing state due to a limited particle sample size. Inherent to the experimental methods is the
sampling of a finite number of particles to estimate the mixing state and associated metrics,
ranging from a few hundred to many thousand particles, depending on the instrumentation.
The question arises of how large a particle sample size must be to adequately represent the
mixing state of the population. We used the particle-resolved model PartMC-MOSAIC to
generate a scenario library that encompasses a large number of reference particle populations
with a wide range of mixing states quantified by the mixing state index χ. We stochasti-
cally sub-sampled these particle populations using sample sizes of 10 to 10 000 particles and
recalculated χ based on the sub-samples. Findings are summarized as follows:
• Finite particle sample sizes lead to an overestimation of mixing state index.
• Sample sizes of 1000 particles or larger have a mixing state index confidence interval
of less than 20 %.
• The finite sample size lead to a consistent overestimation of χ, with the 95 % confidence
intervals ranging from −60 to 40 percentage points for sample sizes of 10 particles.
• This overestimation decreases to ±10 percentage points for sample sizes of 10 000
particles.
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• These findings are experimentally confirmed using SP-AMS measurement data from
the Pittsburgh area.
In the future, this work can be expanded to other mixing state metrics including the
hygroscopicity parameter κ (Su et al., 2010). Hygroscopicity parameter κ acts as a quan-
titative measurement of aerosol water uptake characteristics and CCN activity (Su et al.,
2010). Differences in κ from particle to particle indicate how well the aerosol is mixed.
For example, if κ is similar in magnitude for two different particles, this could indicate an
internally mixed population. In the context of this work, a potential next step would be to
determine errors in κ due to limited particle sample sizes. The methodology established in
this thesis to determine errors in χ could be applied in a similar manor to errors in κ.
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